Purpose -The purpose of this paper is to evaluate four visualizations that represent affective states of students. Design/methodology/approach -An empirical-experimental study approach was used to assess the usability of affective state visualizations in a learning context. The first study was conducted with students who had knowledge of visualization techniques (n ¼ 10). The insights from this pilot study were used to improve the interpretability and ease of use of the visualizations. The second study was conducted with the improved visualizations with students who had no or limited knowledge of visualization techniques (n ¼ 105). Findings -The results indicate that usability, measured by perceived usefulness and insight, is overall acceptable. However, the findings also suggest that interpretability of some visualizations, in terms of the capability to support emotional awareness, still needs to be improved. The level of students' awareness of their emotions during learning activities based on the visualization interpretation varied depending on previous knowledge of information visualization techniques. Awareness was found to be high for the most frequently experienced emotions and activities that were the most frustrating, but lower for more complex insights such as interpreting differences with peers. Furthermore, simpler visualizations resulted in better outcomes than more complex techniques. Originality/value -Detection of affective states of students and visualizations of these states in computerbased learning environments have been proposed to support student awareness and improve learning. However, the evaluation of visualizations of these affective states with students to support awareness in real life settings is an open issue.
Introduction
Emotions are known to play an important role in learning (Kort et al., 2001; Trigwell et al., 2012) . Emotions drive attention, which, in turn, drives learning and memory (Värlander, 2008) . Emotions are often a more powerful determinant of our behavior than our brain's logical and rational processes (Sylwester, 1994) . Furthermore, emotions play an essential role in studies on attitudes and motivation (Pintrich, 2003; Meyer and Turner, 2002) . Several studies found that students experience a rich diversity of both positive and negative emotions in academic settings (Pekrun et al., 2002) . Prior research has highlighted the importance of supporting learner awareness of these emotions (Ashkanasy and Dasborough, 2003) . Information on affective states can, for instance, help students (or stimulate interest) to reflect on the type of emotions they felt, the activities that generated certain emotions or their evolution over time. By analyzing such information, students can take a pro-active role in regulating their learning as well as taking decisions on their improvement needs during learning processes, based for instance on information from studies that relate learning outcomes with affective states (Baker et al., 2010) .
Recent research shows increased interest in the automatic detection of emotions in various contexts. There are studies that propose different methodologies and detectors of emotions that also demonstrate practical applications in different learning contexts. Examples include emotion detection algorithms based on facial and gesture recognition (Burleson, 2006) . Such algorithms are mostly based on human body signals, such as brainwaves captured with various sensors (Azcarraga et al., 2014) . Several studies attempted to correlate such data with student actions in different learning environments such as Intelligent Tutoring Systems (Pardos et al., 2013) , MOOCs (Leony et al., 2015) , or course-specific environments (Leony et al., 2013a) . Recent research has also shown interest in biofeedback based on analysis of multi-modal data collected from various wearable sensors during learning tasks. In some studies, information on emotions is processed based on manual input by students when interacting with a learning environment .
An important issue is that information about affective states, such as the type and intensity of the experienced emotion, should be presented in computer-based learning environments in an intuitive way to the different stakeholders, including teachers, students, and managers. Visualization techniques are one of the most used techniques to present such information in the context of so-called learning dashboards (Verbert et al., 2014) . The goal is to support stakeholders to gain insight from these visualizations, i.e. to provide information that can be of utility to support awareness, reflection, and decision making . There are some works that present visualizations of emotions in computer-based learning environments (Leony et al., 2013b) . However, to our knowledge, no studies can be found that evaluate the capabilities of different visualization techniques to support awareness of emotions in learning environments. Also, most evaluations of learning visualizations are done by teachers (Verbert et al., 2014) . Empirical studies focusing on the evaluation of visualizations by students that provide insight into the usability of these visualizations are largely lacking.
In this manuscript, we focus specifically on evaluating the usability of visualizations of affective states with students using well-known usability assessment constructs such as the perceived usefulness and insight. Usability, also, refers to the ease of use (Davis, 1989) of the visualizations. We define the perceived usefulness as the perception of students about the importance of each one of the visualizations for the learning process. Insight is defined as the extent to which students can interpret the presented visualizations in a correct way (North, 2006) . This manuscript aims to present the first evaluations and experiences from the use of visualizations of affective states for students and attempts to identify future research directions in this domain. The research questions are the following:
RQ1. How usable are the visualizations that we have developed for students in terms of their perceived usefulness and ease of use?
RQ2. Which insights are supported by the affective visualizations for students regarding their capability to support awareness?
In this work, we assess the usability of different visualizations using different groups of students in higher education. Bachelor and Master level students from two different study programs at two universities participated in the studies. The pilot study was conducted with a group of students with a background in visualization techniques, whereas the second study was conducted with a group of students with little knowledge of visualization techniques. The insights from the first user study (n ¼ 10) were used to improve the visualizations. We used suggestions of these students to create additional visualizations. The second user study was conducted with the enhanced environment with a larger group of students (n ¼ 105). The rest of the paper is organized as follows: Section 2 presents related work on visualizations of affective states in the context of learning dashboards. Section 3 presents our methodology. Section 4 describes the AffectVis dashboard, including four different visualizations of affective states. Sections 5 and 6 present two user studies conducted in the context of two different courses, detailing the participants, data collection, data analysis, and post-study interview results. Section 7 discusses the findings and limitations of the work. Finally, Section 8 concludes the work proposing some future research directions.
Background

Learning analytics
Different dimensions have to be considered when developing learning analytics applications (Greller and Drachsler, 2012) , including internal limitations, external constraints, instruments, data, objectives, and stakeholders. The objectives can be twofold: reflection and prediction. In this study, we focus on students as stakeholders and reflection as an objective.
Instruments usually rely on either information retrieval or information visualization technologies, or a combination of both. Information retrieval intends to infer high-level information from the analysis of raw data. Examples of this high-level information can be student characteristics, such as learning behavior patterns, and future performance indicators . These indicators are then visualized to provide useful insights for teachers, students, and managers (Ruipérez-Valiente et al., 2014) . Visualizations are known to support self-regulated actions of learners in online environments, as they can simulate social engagement and reflection appropriate for the context of the learner (Glahn, 2009) .
Detection of affective states in educational settings has been explored previously by several researchers in the field (Baker et al., 2010; Jaques and Vicari, 2007; Burleson, 2006; Azcarraga et al., 2014; Pardos et al., 2013) . Leony et al. (2013a) presented a concrete case of inference of emotions from interaction data in a programming environment. The approach consists of a set of Hidden Markov Models (HMMs). During a programming task, students were asked to provide information about their affective state. This information was used to train the HMMs that were later used to predict emotions. In another approach, Leony et al. (2015) used a rule-based model for each emotion of interest, contextualizing emotion detection in MOOCs. In this work, frustration is for instance understood to occur when students either frequently fail exercises or fail an exercise about a topic that they thought they had sufficient knowledge about.
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In this paper, we will focus specifically on visualizing data about affective states of learners and evaluating the usability measured by usefulness and insight of visualizations. Several studies have explored the typology of affective states that occur during learning (DMello, 2012) . The results of previous research in this domain indicate that the basic emotions identified by Friesen and Ekman (1978) , such as anger, fear, sadness, joy, disgust, and surprise, typically do not play a significant role in learning (Kort et al., 2001) . Several studies have also identified subsets of affective states that typically do play a significant role in learning, at least in the case of college students. Craig et al. (2004) for instance found evidence for a link between learning and the affective states of confusion, flow, and boredom. D' Mello et al. (2006) in addition found significant relationships for happiness (Eureka), confusion, and frustration, but not for boredom. In this manuscript, we make use of the most common subset of affective states based on prior research suggestions, namely: frustration, confusion, boredom, happiness, and motivation. We visualize information on these five affective states experienced by students during their learning activities in a learning dashboard for students. We present the results of two user studies that assess the usability of different visualization techniques for these affective states.
Learning dashboards
Dashboards are instruments intended to improve decision making by amplifying or directing cognition and capitalizing on human perceptual capabilities (Yigitbasioglu and Velcu, 2012) . In a learning context, dashboards aim to support learning process awareness, ultimately targeting regulation of learning (Sedrakyan, Järvelä and Kirschner, 2016; Sedrakyan, Malmberg, Verbert, Järvelä and Kirschner, 2018) . In recent years, several dashboard applications have been developed to support learning or teaching. Such dashboards provide graphical representations of the current and historical state of a learner to support decision making (Few, 2006) . Dashboards have been deployed to support learners or teachers, or both, and used in traditional face-to-face, group work, or online/blended learning (Verbert et al., 2014) . Examples of dashboards that are used to support face-to-face teaching include Backstage (Pohl et al., 2012) , Classroom Salon (Barr and Gunawardena, 2012) , and Participation Tool ( Janssen et al., 2007) . The overall objective of these dashboards is to stimulate learner engagement during face-to-face sessions. Several dashboards also focus on group work and collaboration. TinkerLamp (Son, 2012) and Collaid (Maldonado et al., 2012) are some prominent examples. Most dashboards, however, focus on online or blended learning. Course signals (Arnold and Pistilli, 2012) is one of the more prominent examples in this category. The dashboard predicts and visualizes learning outcomes based on three data sources: grades in the course so far, time on task, and past performance. Most of our work is also part of this category.
In the context of learning dashboards, there are a few interesting observations that are relevant to the content of this paper:
• One observation is that usability evaluations have been conducted most often with teachers. Teachers were often asked to indicate how useful they think a dashboard would be for learners. Such a perceived usefulness evaluation was conducted for instance with both student inspector (Scheuer and Zinn, 2007) and LOCO-Analyst (Ali et al., 2012) , both yielding positive results. Results of our evaluations with SAM (Govaerts et al., 2012) and StepUp! indicate that the perceived usefulness is often higher for teachers than for students. In this paper, we focus specifically on evaluations with students. In contrast to earlier studies, which were often conducted with a relatively small number of participants, we present results of a case study with a relatively large number of students.
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JRIT&L 10,2 • Also, most dashboards focus on visualizations of utilized resources, time, test results, and social interactions (Verbert et al., 2014) . To the best of our knowledge, only a few dashboards have been presented that focus on the representation of student emotions. In a recent study, Ruiz et al. (2016) focus on the methodological aspects of developing dashboards that support emotion-related information. Only one study was conducted that evaluates the utility aspects of inclusion of emotion-related information into learning dashboards (GhasemAghaei et al., 2016) . The focus of the study is the utility of such a dashboard for instructors. In our work, we focus on visualization of affective data for learners, motivated by the fact that such data have shown to be an important player in learning behavior regulation (Baker et al., 2010) .
• Finally, little is known about the effectiveness of different visualization techniques to give students insight into their learning-related data. Different visualizations have been proposed in earlier work, but to which extent these visualizations can be interpreted in correctly by students, and which techniques work better than others, both need further research.
General methodology
In this work, we followed the principles of Design Science in information systems research, which targets building and evaluating innovative artifacts to help understand and solve knowledge problems (Von Alan et al., 2004) . Our artifact includes a learning dashboard that shows emotion-related data during a learning process. The goal of the dashboard is to support student awareness on their affective states during their learning activities.
We use visualization techniques to represent affective states in the context of a learning dashboard, motivated by the fact that interactive visualization techniques are known to support effective understanding of data, reasoning, and decision making (Keim, 2002) . Several visualizations have been developed with the goal to allow students to obtain insight into affective information. We designed, implemented and deployed visualizations of a relevant subset of emotions based on prior studies, as explained in the previous section. These visualizations represent the intensity levels of emotions, learning activities during which the emotions were experienced by students, the evolution of emotions over time, as well as comparisons with data of peers.
An empirical, experimental study approach was used to assess the usability of such visualizations deployed in a dashboard (the design artifact). Two experiments have been conducted in two different universities with two different groups of students: students with and students without previous knowledge of information visualization techniques. During the experiments, students completed different learning tasks, further referred to as sessions. At the end of each session, students provided information about their emotions by answering a set of basic questions in an online survey, such as "indicate how frequently you felt motivated/happy/ confused/frustrated/bored during this learning activity." Based on the input of students, the learning dashboard generated affective visualizations. Context information about the students was also collected: students completed a questionnaire about their personal characteristics, such as gender, age, and previous knowledge on information visualization techniques.
The dashboard with different visualizations of affective states was deployed and provided to students. The following data measurements were used:
• a five-position Likert-type scale was used to score subjective judgments of students about the proposed affective visualization method, such as ease of use, perceived utility, and insight;
• the System Usability Scale (SUS) method (Brooke, 1996) has been used to measure the usability;
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Evaluating emotion visualizations • insight was measured using comparison between the actual data and student perceptions: exploratory correlation analyses have been performed to study the differences of students' visualizations interpretations with the intended goal of the visualization; and • subjective perceptions and insight have been, in addition, explored using a set of objective questions in a post-study interview.
To isolate the impact of pro-social behavior (Mitchell and Jolley, 2012) , the anonymity of participants was ensured by not disclosing any identifiable information.
AffectVis: a visual learning dashboard of affective states and learning activities in projects
For our studies, we have developed four visualizations with the general objective of allowing learners to reflect on their affective states and their connection with specific learning activities. The visualizations are web based. Thus, the only tool needed to access them is a web browser with JavaScript capabilities. The second visualization (timeline visualization) presents the evolution of time dedication of each student during the course, as well as the average time dedication and emotion evolutions of the whole class. The visualization represents the accumulated time dedication of students: when the student selects a point of time on the horizontal axis, the values of the vertical axis indicate the accumulated levels of time dedicated to learning activities during the course until that moment. In addition, the timeline visualizes the evolution of each emotion during the course. Figure 2 presents an example of the timeline visualization used in the scope of this work.
The third visualization is a heatmap visualization, in which columns represent time units, such as days, weeks, and months, and rows represent students. Each affective dimension is represented by a cell, while the frequency level of each emotion is represented through the intensity of the cell color (a more intense color represents a higher level of the emotion). A portion of this visualization is shown in Figure 3 .
Lastly, we designed a scatterplot visualization. In this visualization, each affective dimension has a different scatterplot associated to it. The X-axis corresponds to the exact date and time when the emotion takes place, and the Y-axis presents the frequency value of the emotion. Bubble sizes represent the amount of work dedication, and bubble colors indicate whether the data point belongs to the active student (blue) or a peer. Figure 4 presents an example scatterplot for the emotion "confusion."
In its current form, the visualizations in the AffectVis dashboard rely on the data collected through systematic surveys of students about the typology and intensity of their emotion per different learning activity. Further details are described in the next sections.
5.
Pilot study with a small group of students with knowledge in information visualization: user study 1 The main purpose of this user study was to perform an initial exploratory analysis of the developed visualizations with a small number of students. The radial visualization and the timeline visualization were deployed and evaluated in this study. Based on feedback and input from students participating in this study, the visualizations were improved. Moreover, two additional visualizations were developed and deployed for the second, more elaborate, user study. Source: Students can also see the time dedication average of the class (used with permission) 
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The first study was conducted with Master level students at Vrije Universiteit Brussel in Belgium. The profile of students, having knowledge about visualizations, was beneficial for obtaining targeted feedback. This user study would also allow observing differences between students with knowledge on visualizations and students without such knowledge (the students of user study 2). As indicated above, the radial visualization and the timeline were evaluated in this pilot study. At this stage, the timeline visualization included the aggregated time dedication of the student to different learning activities and the average time dedication of his/her peers.
You
Week 1 Week 2 Week 3 Week 4 Week 1 Week 2 Week 3 Week 4 Week 1 Week 2 Week 3 Week 4 Week 1 Week 2 Week 3 Week 4 Week 1 Week 2 Week 3 Week 4 The user study was conducted in the context of the course project, which lasted five weeks, from late February to early April of 2014.
Demographics of participants in user study 1
This user study was conducted in the context of a course on information visualization at a graduate level (Master degree program). First, students received theoretical and practical sessions about different concepts and visualization techniques. Next, and as part of the evaluation of the course, students implemented and presented a project which included 12 types of learning activities: brainstorming, designing visualization, gathering data, parsing, filtering and mining data, getting started with the visualization library D3.js, implementing the visualization, implementing interaction in the visualization, reading resources, reading research papers, preparing questions, and preparing research presentations.
As participants were students registered for an information visualization course, they all had a relevant level of knowledge of principles and theories involved in the creation of visualizations. Thus, their feedback was highly relevant during the stage of early definition and development of the visualizations.
In total, 42 students were registered for the course. Out of these 42 students, ten students participated in the first user study.
Data collection in user study 1
This pilot study mainly served to identify usability issues of the radial and timeline visualizations and to collect feedback and input from students for additional visualizations. In this study, we first conducted ten think-aloud sessions (Lewis, 1982) , with one student at a time. Each session was organized in three phases: filling out a survey to capture emotion-related data about their work during the project, conducting tasks with the two visualizations, such as identifying the most frequent emotion with the visualizations, and filling out an evaluation survey about the visualizations.
The survey that intended to capture data about students' activities during the project used explicit questions about the students' affective state for each type of activity conducted in the project. For each type of learning activity, students had to indicate how frequently they have experienced the five affective dimensions known to occur in learning scenarios: motivation, happiness, boredom, confusion, and frustration (DMello et al., 2007) . Students were also asked to indicate the amount of time they dedicated to the project during each week. Afterwards, the two visualizations were presented, i.e. the radial visualization showing the frequency of emotions for each type of activity and the timeline visualization. Both visualizations used the data collected in the previous phase.
After completing the tasks, such as identifying the most frequent emotion and comparing this value to the class average, students filled out an evaluation survey, including questions about the usability (usefulness and insight) of the visualizations. The usability was subsequently measured with the SUS method. Students also rated the two visualizations in the range of "not useful at all" to "very useful."
Students were also asked which other information could be of interest to represent through visualizations. They were asked to rate the utility of five types of information on a five-point Likert scale: types of used resources (e.g. forums, blogs or files), detailed information about one student, comparing actions between two students, detailed statistics of most used resources and information about content creation by students.
5.3
Data analysis results in user study 1 5.3.1 Perceived usefulness. The usability results obtained from the evaluation of the SUS questions resulted in 72.5 points on average, which can be assessed as a positive belief 115 Evaluating emotion visualizations (Bangor et al., 2008) . The timeline was perceived as the most useful by the students (average score above 3.5 on a scale from 1 to 5). The radial visualization was perceived as useful (score above 3 on a scale from 1 to 5).
Students indicated that they are interested in detailed information of one student, comparison of students and information about content creation by students. The information related to the types of used resources and the most used resources were the least prioritized. In Figure 5 , we present a set of box plots illustrating the priorities by students given to each option. 5.3.2 Post-study interview results in study 1. The analysis of students' answers to the interview questions provided useful insights for improvement needs for the visualizations. The results revealed that students experienced difficulties in interpreting certain aspects of visualizations. For instance, some students found it difficult to identify the values on the radial bars that were used to visualize affective states per activity. This difficulty was found to be due to user interface related issues such as having adjacent bars with similar colors or a low-level contrast, making them not easily distinguishable in the chart. Furthermore, some students were not able to interpret the meaning of several visual components. For example, there were students who were not able to detect that the class average was represented by solid lines on the timeline visualization. In general, students expressed that they "liked the timeline and the comparison with the class average" and prefer its use in the future. The radial visualization was difficult to understand by some students ("it is hard to see the information of all students," "the red color (of bars representing frustration) is too distracting" or "it is confusing that bars do not start from zero"), which suggested that the interpretability of the visualization needed to be further improved.
Some of the post-study responses provided creative input in the form of suggestions for further information needs of students. For instance, there was a suggestion to include the equivalent of "return over investment," where the dedicated time would represent the investment and the obtained mark would represent the return. Another suggestion was the inclusion of task types to which the time was dedicated, such as lectures, homework, studying, and group work.
Extended study with a larger group of students without knowledge in information visualization: user study 2
The second study was conducted with bachelor-level students at the Eindhoven University of Technology in the Netherlands. For the second user study, we improved the two visualizations based on the findings and suggestions of students of the pilot study. To address the difficulties of interpretation, the contrast of colors and the visibility of elements in both visualizations were improved. Interactivity was added to clarify the details of the visualizations: the radial visualization was adjusted to show the value of each bar when the mouse cursor hovered over it. The timeline was adjusted to offer the option for hiding and showing data series, etc. In addition, for this user study, we implemented two new visualizations with emphasis on individual and detailed information, as such information was indicated as relevant by students of the first user study. These visualizations are the heatmap and scatterplot visualization described in Section 4. The purpose of this study was to evaluate the usability of the four visualizations, namely, the improved versions of the two visualizations used in user study 1, and the two new visualizations.
Demographics of participants in user study 2
Overall, 105 first-year bachelor students enrolled in technological programs took part in user study 2. The majority of participants are male (96.6 percent males and 9.4 percent females). Participants are between 18 and 40 years.
Data collection in user study 2
The study was conducted in the context of the course human-technology interaction. At the beginning of the course, an introduction was provided about all the concepts and processes involved in the design of usable interfaces for technological artifacts. At the end of the semester, students completed a project about the design of a thermostat. The project duration was four weeks, from late April to early June in 2014. In the end, students presented their project to the teaching staff and their peers. For this project, in collaboration with the instructors, we defined six types of learning activities: brainstorming, interface design, implementation, writing documentation, experiment with users, and writing installation instructions. During the project, students received an e-mail with a link to an online survey each week, as well as a link to a web application that showed the visualizations of their emotion-related data. To maintain the anonymity of information, students were asked to create a personal identifier with which they could access the visualizations. Every week, students completed the following tasks: filling out a survey about their emotions and learning activities during that week, exploring their data in relation to data of other students with the proposed interactive visualizations, and filling out a survey about their perceptions and judgments on the visualizations.
The survey included questions about particular activities. Students were asked to indicate how frequently they had experienced each affective state while performing each of the project activities and the time they dedicated to the project. Students were allowed to report activities for a week different than the current one. After the data were submitted, the student could use a web application to access the visualizations.
The data collected in user study 2 were used as follows:
• Radial visualization: values for each affective emotion and each activity were shown explicitly. The average for all students was computed and shown as a solid line.
• Timeline visualization: values for the student were plotted according to the week they were provided. An average for the class was also included.
• Heatmap visualization: the intensity value of each cell represents the average value for the corresponding emotion for the given week.
• Scatterplot visualization: for each affective state, the visualization plots the values (scores) for each student along the date and time of the survey submissions.
In this study, the students were asked to answer questions of an evaluation survey to assess the usability of the visualizations on a continuous basis. The usability was evaluated through SUS questions, while the usefulness was evaluated using five-point Likert scales that rank each one of the visualizations from "not useful at all" to "very useful." In addition
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Evaluating emotion visualizations to these questions, we also used questions to objectively assess the insight of the visualizations as follows:
• five-point Likert scale to indicate whether the student is much below, below, average, above or much above the class average for each emotion and time dedication;
• indicate the most frequent emotion experienced during the project;
• identify the activity that motivated students (the whole class) the most;
• identify the activity that frustrated the student the most; and • identify the activity during which the student is most different from the rest.
In addition to weekly evaluations, a think-aloud session took place at the end of the course. The think-aloud session was conducted with batches of two to four groups, involving 6 to 12 participants in each session. At the beginning of each session, the four visualizations were briefly explained. Then the students completed the tasks. Afterwards, we asked students feedback and inquired about their interests. Table I shows the questions asked in this final survey.
Overall, we received 298 submissions from 95 students for the data gathering survey, with 91 percent of the responses from male students and 9 percent of females. Most of the submissions (78.5 percent) belonged to students 20 years old or younger, 17.4 percent between 21 and 25, 1.7 percent between 26 and 30, 0.7 percent between 31 and 35, and 1.7 percent between 36 and 40. The survey for weekly evaluations received 218 responses from 85 students, while only 52 students participated in the final evaluation.
6.3 Data analysis results of user study 2 6.3.1 Perceived usefulness. The average SUS score for the set of visualizations was 60.1. Figure 6 presents a boxplot for each week of the study. The average usability stays constant over the weeks. The obtained usability results were found to be lower than in the user study 1. The reason for that can potentially be attributed to the profile of the students. In contrast to the user study 1 participants specialized in visualizations, the students in user study 2 had little or no knowledge about information visualization techniques. Figure 7 presents the perceived usefulness of each visualization on a five-point Likert scale. The median of the usefulness score was on average 3 for all visualizations. The average was slightly incremented for the timeline and the scatterplot visualization.
6.3.2 Analysis of insight. The differences in student perceptions of their affective states based on the visualizations and the actual values according to data were tested using the Pearson correlation. The analysis, with n ¼ 34, resulted in the following findings: frustration (r ¼ 0.634, p ¼ 0.000), confusion (r ¼ 0.620, p ¼ 0.000), boredom (r ¼ 0.551, p ¼ 0.000), happiness (r ¼ 0.684, p ¼ 0.000), motivation (r ¼ 0.829, p ¼ 0.000), and time dedication (r ¼ 0.374, p ¼ 0.040).
For all the relationships, a significant correlation was found (rW0.5), except the time dedication. This suggests that in general students were able to correctly interpret the provided visualizations. However, the results also suggest that there is room for improvement, specifically for the interpretability of visualizations. Ideally, the understanding by all the students would result in higher correlation coefficients closer to 1. Table I presents the percentage of correct answers based on the students' interpretation of visualizations. These values represent the number of times that the students correctly interpreted the visualizations for different aspects. The number of categories gives an idea of the number of possibilities a student can choose from. These categories are the number of options a student can select to answer a question and are presented in the third column of Table I . For question 1, "identify your most frequent emotion according to visualization," the number of possible answers was limited to 5. We observed that the more options a student has, the more difficult it is for the student to give the right answer. Therefore, the percentages of correct answers should be interpreted taking into account the number of different categories.
Some of the questions included in these surveys also contained a certain level of difficulty that needs to be further discussed. For instance, the affective states with the highest values (motivation and happiness) have a difference of only 0.21. The mean standard deviation for all states is 0.27. As such, in some cases, a student would select an incorrect emotion as his/her "most frequently occurred emotion," however, the value of such emotion was in fact very close to the highest one. The second question of the final survey presents a similar case. Students had to identify the week when they were more frustrated. However, the values for week 2, week 3, and week 4 were similar, with the value of week 4 being just marginally higher than the values of week 2 and week 3. If we had considered all of these three options as valid, 98 percent of the answers would have been correct.
6.3.3 Post-study interview results of user study 2. The analysis of the responses to the interview questions showed that the perceived of the visualization varied among students. Some of them preferred the radial visualization of affective states per learning activity: I liked the states per activity the most. After that [I] will go the timeline, followed by the heatmap. Finally the scatterplots. 
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Other students considered the timeline as the most useful:
The timeline is the easiest to interpret, since it is in a form I am used to and since it doesn't contain that much data at the same time, which the others do. Especially the heatmap and scatterplot are containing too much detailed and deviating information, which makes it hard to get an overview. The emotion per activity is okay, but also not readable very easily, because some colored areas are very small and it is not always clear which color is represented at what place of the grey line.
Others valued the combination of data and design used in more complex visualizations such as the heatmap:
It is difficult finding some meaningful values in the scatterplots. However the information in the heatmap is grouped together nicely. Timeline shows a nice overview of how affective states progressed as well.
The teaching staff also provided valuable feedback about potential improvements. The main suggestion was to allow the instructor to indicate an expected amount of time dedication. This would allow students to know whether they were dedicating less (or more) time than what the instructor was planning. The inclusion of expected time dedication would also allow the teaching staff to analyze whether the work load is being set appropriately for the current group of students.
Discussion
The results of our study provide useful insights for the usability of different visualizations for students for presenting emotion-related data. However, there are also several limitations that should be articulated. While we were able to assess the usability, measured by perceived usefulness and insight, with a relatively large number of students in user study 2, the limited number of students in user study 1 does not allow to draw strong conclusions from the survey results with this group as the suggestions from this study were mainly used as a basis to improve the visualization design for user study 2.
Second, data collection was performed manually in both user studies. Thus, the accuracy of affective states could be subject to subjective judgments of students. We should, however, mention that, although some studies rely on methods and techniques for capturing and analyzing emotion-related data of students in an automatic way (Leony et al., 2013a (Leony et al., , 2015 , in this paper we focus on the evaluation of usefulness of representing such data to students. Nevertheless, the acquisition process may also influence perceived usefulness and interpretation of data.
In general, usability results indicate that the visualizations are easy to use for students with knowledge of visualization techniques. A SUS score of 72.5 can be assessed as strongly positive beliefs (Bangor et al., 2008) . Although the same results could not be confirmed by user study 2, the results were still found to be acceptable. The average SUS score of 60.1 in this user study still reflects a positive attitude. Since the students who participated in the second study had little or no knowledge of information visualization techniques, the relatively lower scores can be attributed to difficulties with using the visualizations, as can also be inferred from students' answers.
In general, the results suggest that visualization techniques need to be designed with care: the difficulty of interpretation of more complex visualizations, such as the heatmap and radial visualization, may be a barrier for uptake by a general audience with no background in information visualization.
The results on perceived usefulness show that students perceive a simple timeline that represents time dedication and evolution of affective states over time as the most useful visualization. This visualization was rated higher regarding its usefulness than the visualization of affective states per activity in user study 1. In the second user study, with two other visualizations added, this visualization resulted in the most positive scores 120 JRIT&L 10,2 on average. In general, the findings suggest that a simpler technique results in a higher perceived usefulness.
Insight was measured by correlations between the actual data indications and student perceptions from visualizations. In addition, we measured how well students were able to interpret the visualizations with the use of objective questions. All the correlations were significantly high, with results higher than 0.5, but still less than 0.7. This suggests that, in the majority of cases, students were able to correctly interpret the provided visualizations.
In summary, the results indicate that visualizations of emotions can support awareness and reflection of student data, but they need to be designed with care to address the needs of students. Simpler techniques, such as timeline visualization, may result in higher positive perceptions than more complex techniques, such as heatmap or radial visualizations. The type of data to include in such visualizations constitutes a further line of research. While students in the user study 1 showed interest in more detailed data about individual students, the representation of such data remains a challenge. Evaluation results of user study 2 indicate that the visualizations that we selected to address their needs (heatmap, scatterplot with three dimensions) are difficult to interpret by users with no background in information visualization. Our future work will focus on exploring visualizations that can represent emotion-related data in a simple and intuitive way to enable use by a general audience.
Conclusion
The evaluation presented in this paper showed the potential of dashboards and visualizations to support students awareness of affective information linked to learning activities in an educational scenario. In general, students expressed that they "liked seeing their emotion-related information linked to learning activities and their comparison with their peers."
The results of student evaluations suggest that usability of the proposed visualizations was acceptable, but that there is also room for improvement. In addition, the simpler techniques, such as the timeline visualization, so far offer the highest potential with respect to usability, measured by perceived usefulness and insight. There were differences between students with knowledge and those without knowledge about information visualization. SUS results were higher in user study 1. This suggests that the fact of having knowledge about visualizations might have an influence on the perceived usefulness and insight, and that student training might be necessary in some cases.
Future work includes the improvement and design of new versions of the presented visualizations. Initial modifications will be based on the feedback received during the interviews. Some of these improvements include simplification and adding interaction to ease the interpretation of data. In addition, other visualizations of affective information can be designed to be used by the instructor rather than directly by students.
The work can be ultimately expanded to support integration of this kind of dashboard with emotion detection systems. Applying automatic detection would also provide levels of each emotion in an objective way rather than from a personal perspective, which certainly would improve the validity of the information. Exploring how data that can originate from a multitude of sources and formats can be harvested, curated and fused (Sedrakyan, De Vocht, Alonso, Escalante, Orue-Echevarria and Mannens, 2018) will allow integrating multi-modal data from various wearable sensors and audio/video streams in real-time automated solutions.
In addition, the evaluation presented in this work is limited to perceived usefulness and insight, and does not provide any insight related to potential impact on learning improvements. Thus, expanding the dashboard visualizations with mechanisms to capture a broader scope of learning processes could be another future direction. For instance, process analytics driven approaches (Sedrakyan, 2016; Sedrakyan, De Weerdt and Snoeck, 2016;  121 Evaluating emotion visualizations Sedrakyan et al., 2014) targeting broader learning-related indicators (Glahn, 2009 ) will be a relevant future study. Exploring mechanisms for coupling visualizations with textual advice, such as cognitive feedback and behavioral feedforward (Sedrakyan, 2016; Sedrakyan and Snoeck, 2017; Sedrakyan, Järvelä and Kirschner, 2016) as well as a generalizing for different learning goals and tasks (e.g. solo/collaborative learning), is yet another possible direction for future work. Furthermore, not many studies can be found in the domain of feedback automation thus requiring further research for solid methodologies and frameworks for delivering automated feedback that communicates emotion-related information. Finally, stricter experimental designs with controlling broader evaluation variables and constructs for user acceptance are needed to gain in-depth insights both for future scientific and practical implications.
